Abstract-This paper defines a method for generating individual electric vehicle (EV) charging patterns, and it intends to quantify the realistic loading impact on distribution grid feeders. The inputs are based on the historical driving characteristics of private conventional vehicles from Denmark and home plug-in behavior of EVs from Japan. The first input is used to define properties, such as the daily driven distance and the expected departure and arrival time, which determines the possible home charging window. The second input is used to quantify the probability of performing a domestic charge every day. Because most of the EVs do not need to charge every day, even when considering a 100% EV penetration scenario, the amount of simultaneous charging with domestic single-phase charging power (3.7 kW) determines a coincidence factor lower than 45%. When considering three-phase charging (11 kW), the combined power of the EV population increases only to 50% because of shorter charging sessions. Although the power increase, due to 11-kW charging, is likely to trigger grid components overloading, it is highlighted how uncontrolled distribution of single-phase charging could be responsible for local voltage unbalances.
I. INTRODUCTION
T HE charging pattern of uncontrolled battery electric vehicles (EVs) is complicated to quantify due to the low amount of registered real cases and to the uncertainties factors related to individual driving behavior, penetration level of EVs, and charging power [1] , [2] . On the other hand, system operators have to guarantee stability and security of supply, adapting the grid layout and the operation to the specific network characteristics and components [3] . To operate the grid with large penetrations of EVs, the system operators are interested in forecasting the EV charging load to estimate the impacts and necessities of infrastructure upgrades [4] - [6] . The load demand highly affects the quality of the power distribution [7] , and thus, in the literature, different authors investigated the consequences of uncontrolled charging of the EVs [8] - [22] . These studies are based on a wide range of assumptions. In [8] , all EVs are considered to be driven 32.7 km per day. In [9] , all EVs are charged once a day after their last trip arrival time. In [10] , all the EVs are plugged in with the state of charge (SOC) of 30%. In [11] , the EVs are modeled with the average daily driving distance of 53 km and the associated battery with 10-kWh storage. In [12] , 10% of EVs connected during the peak hours can inject power into the grid as vehicle-to-grid (V2G) support. In [13] , the 37% EV penetration charges concurrently at 18:00. In [14] - [16] , high EV penetrations (until 100%) are considered, but even though the EVs are charged with different plug-in times during the evening hours, most of EVs get to charge simultaneously stressing the grid boundaries. Despite the variety of assumptions, the above-mentioned studies result in a sharp consumption increase that can lead to severe voltage deviations and overloading conditions, where the acceptable share of uncontrolled charging EVs is approximately 30%-50% penetration. The cited studies consider radial feeders, which present the worst scenario, as the cables at the beginning of the feeder have to carry the load of all the following ones [1] , but also a realistic situation, as most distribution feeders are radially connected. For this reason, to increase the penetration limit, some studies analyzed the effect of different control strategies. For example, in [8] , the time of use pricing was included. Shafiee et al. [9] focused on the minimization of the electrical charging payment of the customers. In [10] , the demand management was investigated using two kinds of control: staggering the charging time of the EVs and performing household load control. In [12] , to reduce the investment requirements during the peak hours, the authors moved the charging periods from peak to off-peak hours, whereas in [17] , the interest was on the minimization of power losses. The aforementioned kinds of coordination succeed in diversifying the EV charging profiles, but customer driving and charging habits can be controlled only to a certain degree [23] . Furthermore, as investigated in [24] - [29] , the EVs could be used to mitigate adverse effects and support the overall power system and distribution grid, for example, with frequency regulation, voltage control, active power regulation, and so on. All the previous works consider worst case of simultaneous charging, whereas in this paper, Muratori et al. [30] and Muratori [31] investigated the historical data of gasoline cars to derive more realistic and differentiated EV charging loads. Nevertheless, Muratori et al. [30] and Muratori [31] considered EVs with a share of plug-in hybrid EVs, resulting in a lower total electricity consumption. Furthermore, in most of the previous articles, the considered share of EVs is charged on a daily basis or, in few cases, a low percentage of vehicles is charged every day based on authors' discretion, without providing any specific reason for the assumption. In a real situation, it is expected that EV owners, which drive short distances per day, would charge fewer times than the ones that drive long distances [32] . Furthermore, the battery of the EV tends to age more whenever left at high values of SOC [33] , and thus, a smart management of the EV would avoid filling up the vehicle at every possible occasion. The probability of charging is taken into consideration in this paper thanks to a Japanese analysis of Nissan EVs with EV data loggers, which provides the relationship between the plug-in ratio at home of EV drivers and the SOC. The Japanese study is based on 10 000 24-kWh EVs, but the increased energy capacity of the new vehicles is likely to cause more sparse probability of the charging events. Similarly, the probability of charging on public charging stations, not considered in this paper, is expected to reduce even more the loading on domestic feeders. Based on this knowledge, some EVs charge more times than others, as it would be expected in a real situation, and not every EV would charge when returning home. The methodology is built upon Danish data, consisting of driving and departure/arrival time of the Danish population [34] , and it is applied to a piece of distribution grid to test and validate the proposed technique. The combination of the Japanese and Danish data is used to overcome the lack of real data of a whole society and, at the same time, to provide a method for generating driving patterns that could be applied to other realities. MATLAB is the considered tool for the EV charging load modeling; afterward, DIgSILENT PowerFactory is used to design the network and perform the load-flow studies.
This paper is organized as follows. The modeling of EV charging patterns is explained in Section II with a first introduction of the available data. Section III describes the tested case. The results are presented in Section IV and this paper is concluded in Section V.
II. EV CHARGING LOAD MODELING
The model creates the EV charging load profiles based on driving behavior of car owners and plug-in ratio at home of the EVs. The model is built on the charging behavior of gasoline car drivers, assuming that the users will drive the EVs with similar driving requirements. This hypothesis of the study is due to the fact that the EVs battery capacity is increasing to fulfill the users' demand, without the need of changing in their everyday comfort and behavior. The driving behavior of car owners is provided by the Danish National Travel Survey [34] . The survey is based on 110 000 interviews conducted in Denmark over the last ten years. The data set describes the traveling of the interviewed people during the day that the interview was conducted. In order to describe the behavior of the privately owned four-wheeled vehicles, the data set is sorted for people operating a vehicle and not just being a passenger, for which the daily distance driven and the leaving and arriving time are taken into consideration. The analysis represents the daily distance driven per privately owned car or van, not per person, which would be a lower number. Indeed, Thingvad et al. [35] considered 39.5 km as a daily traveling distance per person in Denmark, including all kinds of transport, whereas the average driving distance of cars is 45 km per day. Furthermore, the analysis of the Danish National Travel Survey showed that the car users drive less during the weekends than in the weekdays, with an average of 34.5 km on Saturdays and 32.9 km on Sundays. On top of that, the use of the car is more distributed during the day hours, and therefore, a more distributed EV charging power contribution is expected during the weekends. Consequently, being the manuscript interest about the impact of EV penetration on the grid, the EV charging pattern during the weekends is assumed the same than in the weekdays. This is also possible, considering that on Saturday and on Sunday, the overall consumption is lower compared with the weekdays.
The charging probability is dependent on the human behavior, which is affected by range anxiety due to vehicle range, available charging infrastructure, and range requirements of drivers [36] - [40] . In the current model, the probability of charging of the EVs is included as SOC and driving distancedependent through the plug-in ratio at home of the EVs. This is the results of a Japanese study conducted by Nissan over 10 000 EVs with 24-kWh battery capacity. The data were collected by Nissan via the on-board telematic system in the vehicles during a period of one year.
A. Parameters' Definition 1) Group: The group number defines the distance driven per day by the vehicle. Ten groups are defined in Table I , and the share of cars per group is shown in Fig. 1 . The considered distribution of the daily distance driven per car represents the characteristic of the community in Bornholm, small Danish island located in the south of Sweden, whose data are given by the Danish National Travel Survey. More information about Bornholm can be found in [41] .
2) Class: The class is defined from 1 to 10, and it represents the kilometers accumulated by the vehicle at the end of the day since the last charging, as reported in Table II . The class number can never be lower than the group number.
3) Category: At the end of each day, the EVs with the same group and class number are clustered into categories (cat).
4) State of Charge:
The SOC is the remaining capacity of the battery, and it is evaluated in per unit (p.u.) as in the following:
where Q n is the nominal capacity given by the manufacturer, the maximum amount of charge that can be stored in the battery, Q(d) is the remaining capacity of the battery at the end of day d, before charging
is the used capacity and it depends on the driven kilometers on day d and on the remaining capacity at the end of the previous day d −1.
In this paper, all the vehicles are assumed to have a 40-kWh battery capacity, as the 2018 Nissan EV, with a range EPA of 240 km. Such a size could represent the average storage of EVs in a near future, which is able to provide a large fraction of transportation needs in Denmark, as shown in Fig. 1 . Also, in cities with different driving habits, as, for example, investigated in [37] - [39] , where the majority of the population does not drive more than 150-200 km/day, such storage value would be sufficient. Furthermore, considering that the EV battery capacity is going to increase in the future years, it is also expected an improvement of performance and capacity, with an impact on the range anxiety, and thus, the proposed method would generate a slightly more conservative scenario. The average energy consumption c is evaluated as a ratio between the battery capacity and the average range distance of 200 km, lower rounded from the range EPA for the Nissan EV 2018 of 240 km, as a conservative scenario. The EVs in the model are considered to be driven every day. If a vehicle is not charged, it accumulates kilometers, meaning that if the vehicle did not charge on day d − 1, the used capacity
5) Plug-In Rate at Home:
The Japanese statistics conducted by Nissan on 10 000 24-kWh Nissan EVs derived the probability of charging at the home of the commuters based on the final SOC of the daily distance driven. Considering an individual user, the range anxiety is difficult to predict, because the users tend to charge their vehicles even when it is not necessary [36] . Differently, considering large groups of EVs, as done by Nissan, it is possible to derive a relation between the plug-in rate at home and the SOC, as shown in Fig. 2 with the curves obtained by performing curve fitting of the data set.
The first six lines represent groups G1-G6, and they have different SOCs for different rates of plug-in charging until SOC = 0.55 p.u. For lower SOC, they are very likely to charge. The red line represents the last four groups that have the same behavior, because in the Japanese analysis, the plugin rate was found to be very close to 1, even with high values of SOC. Knowing the driven distance per day, the SOC of the EVs is determined with (1)-(3). Afterward, knowing the SOC, the plug-in rate at home is evaluated for each group. In the Japanese study, due to the range anxiety factor, consumers that reach SOC = 0.55 p.u. are charging their vehicle almost every day. SOC = 0.55 p.u. corresponds to 54 km
In this paper, the Nissan EV has 40 kWh, larger capacity than the 24 kWh considered in the study. Nevertheless, due to the lack of data for EVs with similar capacities, as a conservative estimate, the EVs with SOC lower than 0.55 p.u. and 90 km of distance driven are assumed to charge as well
B. Methodology Description
The model is described with a flowchart in Fig. 3 . The inputs of the model are the number of EVs and the number of days to be simulated. The EVs are initially split into the ten groups and characterized by a group number. On day d, the group and the class number of each EV are checked. At the beginning of the simulation, all the EVs are considered fully charged (SOC = 1 p.u.), meaning that on day 1, the class number of the EV matches the group number. An EV of G1 can have classes 1-7, but it never has classes 8-10, because when it accumulates maximum 90 km, it is charged. An EV of G2 cannot be part of class 1, because it never accumulates less than 10 km since it never drives less than 10 km/day. A similar approach is applied to the other groups. The EVs, with the same group and class numbers, are clustered into categories (cat). Using the curves in Fig. 2 , for each category, the rate of charging EVs is evaluated as "%Y," and the distance accumulated by this group is thus reset to 0 (and SOC = 1 p.u.). The remaining EVs do not charge "%N," and therefore, they accumulate kilometers. To create more variability on the distance accumulated, the no charging shares of EVs are split into two or three subgroups depending on the group number of the EV. The resulting groups' characterization is reported in Table III . When all the categories f are entered in "charging probability loop," day d is completed and the simulation loop starts again with day d + 1. 
1) Model Output:
For every day of simulation, each EV is characterized by a number and a letter as follows.
1) The number is the class of the EV at the end of the day.
2) The letter says if the EV is charging "Y" or not "N."
C. Charging Time
The described model defines the plug-in charging behavior of the EVs. In this section, the charging time is evaluated. Fig. 4 shows the share of arriving cars per each hour of a workday on Bornholm, known thanks to the Danish National Travel Survey. In general, Danish commuters arrive at work at 7:00-9:00 and go back home between 16:00 and 19:00. The location of the arriving cars in Fig. 4 is unknown to the authors, but considering the Danish daily life, it seems logical to assume that the arrivals from 16:00 to 19:00 represent the arriving time at home. Therefore, considering the most conservative scenario, the authors assumed that the potential plug-in events are split into four sets of 25% EVs each: 16:00, 17:00, 18:00, and 19:00. This is the most conservative scenario, because the number of public chargers is increasing, and in the future, it is expected that more EV users will charge during the working hours [42] . The possibility of plug-in after 20:00 can be neglected, not only because the arriving cars after 20:00 are fewer in comparison to the rest but also because the interest of the analysis is on the peak electricity consumption caused by the concurrence of domestic consumption and EV charging. The peak in the domestic consumption in Denmark is around 18:00, as in the example of Fig. 9 .
It is assumed that the EVs can charge maximum once per day, as also done in [32] and [43] . Furthermore, only private charging is considered. The charging time on day d (T (d) ) of an EV is calculated as with Q u (d) defined in (3), P battery is the power consumed by the battery as in (8), with P charger the rated power of the charger, as seen from the grid perspective, and η the efficiency of the charger. Most Danish households are supplied with three phases and most EVs can charge with 16 A on one or three phases using the on-board charger. According to the IEC 61851 standard, in this paper, the considered power rates are 3.7 kW in singlephase (Ch-1ph) connection with 16 A and 230 V and 11 kW in three-phase (Ch-3ph) connection with 16 A and 400 V.
At the low power, the Nissan EV can charge with constant power, even when the SOC is close to 1 p.u. [44] . For simplicity, in this paper, also with three-phase chargers, the EVs are charged at full power until SOC = 1 p.u. This is a conservative assumption, since in the reality, the power consumption would decrease when the SOC is close to 1 p.u. The on-board charger efficiency is found to be around 90% [44] , and therefore, the battery receives a power of 3.3 kW with single-phase chargers and 10 kW with three-phase chargers. When the EV is not charging or pluggedin but completely charged, the absorbed power is equal to zero. Table IV provides the charging time of the EVs in classes 1-10 when single-and three-phase chargers are considered. For the sake of simplicity, the charging time per class is evaluated based on the maximum km of each range. This is a conservative but reasonable estimation because of the characteristics of the EV driving behavior; EVs with the same initial characteristics that are driven for example 7 and 10 km can have the same need of charging time because of different driving styles.
The SOC of the EVs is unknown at the beginning of the simulation, and thus, all EVs are assumed to be fully charged (SOC = 1 p.u.). In a random day, the EVs are expected to have differentiated SOC, and therefore, the MATLAB code is run for two weeks (14 days), and the first week is disregarded. The considered scenario starts from day 1 of week 2. If we have to randomize the initial distribution, several factors play an important role, specifically the choice of the initial SOC both in terms of values and type of stochastic distribution. An incorrect randomization and initial SOC would inevitably compromise the quality of the first week of data. In this sense, the second week would be used anyway. Therefore, since it is necessary to create one representative week, the authors decided to "train" the model for one week and then choose the second one.
D. Applied Example: 20 EVs
The model output is presented with an example of 20 EVs. The EVs are split into ten groups, but due to the low amount Table V with single-phase (Ch-1ph) and three-phase (Ch-3ph) chargers.
of EVs, only seven groups are created. Table V shows the model output of the considered week 2 for the 20 EVs. Fig. 5 shows the charging loads of vehicles: 1 (G1), 8 (G3), and 16 (G5), highlighted with bold numbers in Table V . The black lines show the results with single-phase chargers, and the red lines show the results with three-phase chargers. The vehicles plug in and charge the same amount of times during the week if using single-or three-phase chargers, the difference is on the charging duration and power consumption. To verify that the generation process of the individual profiles is working correctly, Fig. 6 is provided.
Since the charging pattern model is used in this paper to create a relatively small set of users (127 users; see Section III), the distribution resemble given the initial distribution based on the 10 000 EVs from Japan is verified with three samples of EVs: 20, 127, and 1000. Fig. 6 (subplot 1) shows that the smaller set of 20 EVs does inevitably lead to discrepancies, since the plug-in rate at home has to be an integer value in the reality (we cannot charge half of a car). The situation is then improved for the case with 127 and finally with 1000 EVs in subplots 2 and 3.
III. GRID TEST CASE

A. Distribution Grid Characteristics
The EV charging load model proposed in this paper has been applied to a radially run, semi-urban LV grid based on a real network located in the Danish town of Tejn, Bornholm. The LV grid (Un = 400 V) is connected to the MV grid (Un = 10 kV) through a 10-/0.4-kV 400-kVA distribution transformer (see Fig. 7 ) and is supplied by under-ground cables with the technical characteristics shown in Table VI . The three bold types are the cables used at the beginning of the grid to connect the station (St. 29) with the first four terminals, whereas the rest of the feeders are composed of the different provided types. The grid consists of four feeders, with 127 users located as shown in Fig. 7 .
Because of the new smart meters under EU regulations, Bornholms Energi & Forsyning (BEOF) provided individual active total consumption on 15-min basis. The data for all the households present in the considered grid are available to the authors for a one-week period. The considered week is week 9, from February 26 to March 4, 2018. During the week, the temperatures were lower than the winter average ones, with the values of −10°/−15°, and since some of the houses have electric heating, the week consumption represents a bad case scenario. Accordingly, with the previous Danish grid investigations [45] , analyzing the data of week 10 from the smart grid unit (SGU) meters present at the transformer St. 29, the grid is found to be unbalanced. Fig. 8 shows the distribution of the current on the three phases, during the one-week period. The first plot shows the currents on the three phases in ampere, whereas the second plot shows the percentage distribution of the currents on the three phases evaluated as
Phase a has higher loading compared with the others, and even though the share of unbalances varies during the week, the average share is found to be 42% for phase a, 33% for phase b, and 25% for phase c. The maximum experienced unbalance is 67% for phase a, 59% for phase b, and 60% for phase c. Consequently, the authors assumed to have 40% of the measured three-phase load for each load in phase a, 30% in phase b, and 30% in phase c. The SGU meters are first used to identify the unbalance between the three phases. Second, the accuracy of the smart meters is verified by comparing the sum of all the smart meter active power consumptions with the SGU measured power. Nevertheless, the measurements at the transformer are not used during the load-flow analysis, where only the smart meter data are considered as an input of the simulations. Smart meters supply only active power data, and thus, to get the overall picture of the grid, with both active and reactive power flows, the latter information is needed. Thanks to the measurements provided by the EcoGrid Project [46], active and reactive power consumptions of 20 customers, supplied by the same transformer in Tejn, are provided and used to evaluate the average inductive power factor of 0.966. This value is assumed as an average for all the loads of the grid to evaluate the reactive power consumption as a function of active power and power factor.
The analyzed study case represents a typical LV distribution grid in Bornholm, making the results applicable to other distribution grids, at least, in Denmark. In the island, there are 985 MV/LV transformers with an average nominal power of 240 kVA. With a total peak load of 60 MW, the average peak consumption of each transformer is approximately 61 kW. The ratio between the average peak consumption and the average nominal power is 0.25 (61 kW/240 kVA). The ratio in the analyzed transformer is 0.38, considering the studied week (150 kW as peak, without EVs). More details about model and technical evaluations can be found in [47] .
B. Electric Vehicles' Integration
EVs are included in the simulation considering alternatively single-and three-phase chargers. The charging loads applied to the modeled EVs are derived from the model described in Section II-B. All EVs are assumed to have 40-kWh lithium-ion battery. With single-phase connection, the connections of the EVs are distributed sequentially on the three phases (33% EVs per phase). With single-phase connection, different penetration levels are investigated. The penetration of EVs is given as the average number of EVs per residential household, and since in Denmark, there is an average of one car per house [34] , 100% EV penetration means that every household has an EV. With three-phase connection, only the 100% penetration is investigated.
In both cases, with single-and three-phase connections, there is a linear dependence of the active power consumption of the EVs on the voltage measured at the connection terminal of the vehicle [24] .
No reactive power is exchanged between the EV and the grid, as nowadays no commercial vehicle is capable Fig. 12 . Phase-to-neutral voltages for end-feeder terminals in the simulated grid during week 9 with 100% penetration level.
of performing reactive power service. Due to the small amount of 200 VAR drawn by the Nissan EV chargers, it can be assumed that reactive power consumed by EVs is negligible [48] .
IV. RESULTS
The analyzed scenarios are given in the following. 1) Base Case: Current situation of the grid, without EVs, used as the benchmark for the system. 2) Single-Phase Chargers (25%-100% EVs): Single-phase uncontrolled charging with four EV penetration levels: 25%, 50%, 75%, and 100%.
3) Comparison of Single-and Three-Phase Chargers
(100% EVs): Three-phase uncontrolled charging with 100% EV penetration level. The analysis is focused on transformer and cables' loading, phase-to-neutral voltage, and system losses. The phase-toneutral voltage in Denmark is 230 V. According to the European Standard, EN 50160 Voltage characteristics in Public Distribution Systems [49] , the LV supply voltage must be within 10% of the nominal voltage value for 95 of the week at the point of delivery to the consumer, measured in 10-min RMS values, and it can never go below 0.85 p.u.
A. Base Case
The current situation does not present under-voltage and congestion issues (see Fig. 9 ). Furthermore, the system losses are limited to 2%-3% of the total consumption.
B. Single-Phase Chargers (25%-100% EVs)
A linear increase of transformer and cable loading is observed with the increment of the EV penetration level; however, none of the components reach the 100% loading (see Fig. 10 ). The system losses are observed to increase with a similar trend as the transformer and cable loading. Differently, the analysis of the voltage shows that the power system is more unbalanced and the voltage on the three phases is likely to present under-voltage values in the terminals farthest from the transformer station. Under-voltage outliers are observed from 50% penetration in Fig. 11 , but within the limits of the EU standard.
The phase-to-neutral voltage magnitude is dependent on the location of the EVs on the phases. The initial condition of the grid was found to be already unbalanced. The EVs are equally distributed on the three phases, but the single-phase connection and the differences between the charging patterns increase the unbalances in the most critical terminals, loading one phase more than the others. The phase-to-neutral voltages are compared in Fig. 12 for the end-feeder terminals when 100% EV penetration is implemented. The worst terminal 4379 is highlighted in Fig. 12 with bold lines.
Charging Pattern Probability Equal to 1: The major contribution of the proposed model is the consideration of the charging pattern probability in the plug-in charging behavior. Previous models in the literature present higher charging concurrent factors due to the lack of the probability factors. Fig. 13 shows the apparent power at the transformer level; the power gets higher compared with the values shown in Fig. 10 , reaching 456 kVA in the 100% penetration. Fig. 14 shows that the phase-to-neutral voltages for junction 4379 present undervoltage from the 50% penetration level, and all the values are more spread compared with the ones shown in Fig. 11 . The maximum charging concurrent factor, reached during the peak time, is 56%. Even though this value is lower than most of the previous literature models, which depend on the specific driving characteristics considered, the concurrent charging would anyway result in grid issues at lower penetration levels.
C. Comparison of Single-and Three-Phase Chargers (100% EVs)
Before analyzing the impact of the EV charging load on the grid, the comparison between the charging pattern with single-and three-phase chargers and the 100% EV penetration is shown in Fig. 15 for a one-day period.
It is found that because most of the EVs do not need to charge every day, the simultaneous charging with singlephase chargers is never more than 45% EVs. Even though the energy consumption is the same, when using three-phase chargers, the charging power is tripled, but the combined peak only increases to 50%, because the simultaneous charging is reduced to 20%-25%. When the EVs are connected to the system with three-phase chargers, the system is more balanced than with single-phase chargers (see Fig. 16 ).
On the contrary, transformer and cables are overloaded: the former for 9 h and the latter for 2 h. The most loaded cable is the one that connects the station to terminal 10058 (see Fig. 7 ). Different from the scenario with single-phase chargers, the system losses are here reduced due to the more balanced distribution of the EV consumption on the three phases. 
D. Sensitivity Analysis
Two further investigations with the EVs connected in the single phase are also developed; the former highlights the consequences of different relocations of the charging patterns on the grid, and the latter proves the importance of the equal distribution of the EVs on the three phases.
1) Charging Pattern Relocation:
The sensitivity of the specific location of the charging patterns in the grid is analyzed diversifying the EV charging loads. The EV charging loads initially placed in the grid in a random way (simulation α), are also relocated with other two different displacements (simulations β and γ ) for each penetration level. The charging patterns, first created in MATLAB, are displaced in the loads (EVs) of the different terminals in a uniformly randomized way for the three simulations. Fig. 17 shows the charging pattern of the aggregated EVs with 100% penetration in three representative terminals 10068, 4379, and 4389, but the same does work for the remaining EVs.
It is found that the position of the EVs does not affect the congestion issues; indeed, the maximum transformer loading is almost the same during the three simulations (see Fig. 18 ).
The marginal difference is due to the amount of losses throughout the grid, since the charging power absorbed by all EVs is the same. Moreover, Figs. 19 and 20 show that the most critical terminal 4379 is the same for the three simulations, particularly for phase a. First, in Fig. 19 , the phase-toneutral voltage of phase a is compared for the most critical terminal 4379. Second, in Fig. 20 , the voltage of three of the more loaded terminals is compared for the three simulations and the three phases.
2) Unbalanced Distribution of the EVs on the Three Phases: The impact of single-phase chargers with uneven distribution of the EVs on the three phases is analyzed, implementing an unbalanced scenario. The EVs are here connected to the grid as follows: 50% in phase a, 25% in phase b, and 25% in phase c (the EVs are distributed in a cycling way: 2 in phase a, 1 in b, and 1 in c.). Fig. 21 shows that the new unbalanced scenario produces an increase of the voltage unbalances and, consequently, of the losses, but the worst terminal is still terminal 4379. The transformer loading values are not provided, because they are very close to the balanced scenario. Different is the situation for the most loaded cable; in the balanced scenario, the most loaded cable is the one that connects St. 29 to terminal 10058, whereas in the unbalanced scenario, it is the one that connects St. 29 to terminal 10120 (see Fig. 21 ).
V. CONCLUSION
In this paper, a method to generate individual EV charging patterns has been presented based on the group characterization of the driving behavior of private Danish vehicles and the SOC-plug-in at home ratio of EVs. Based on the input data, it was found that the possible loading caused by home charging of EVs is not as high as often estimated. Because most of the EVs do not need to charge every day, the simultaneous charging with single-phase chargers is never more than 45% EVs. In addition, when using three-phase chargers, the charging power is tripled, but the combined peak only increases with 50%, because the simultaneous charging is reduced to 25%. The proposed method shows that the impact on the grid of the EV charging load is expected to generate voltage unbalances when single-phase chargers are considered and transformer/cable overloading when three-phase chargers are instead implemented because of the higher power value. It can be concluded that in the short term with a few EVs, the DSO should mainly focus on balancing the grid, because even though the EVs can be equally distributed between the three phases, the difference between the charging behaviors can aggravate the unbalances. On the contrary, in the long term, the large EV penetration with the growing electricity consumption could cause congestion issues as the main problem in the distribution power systems. Most of the previous results, analyzed in Section I, highlighted a value of 30%-50% penetration as the maximum acceptable uncontrolled EVs' charging, limitation caused by the simultaneous charging. In this paper, it is shown that only a 100% penetration scenario initiates the problems in terms of congestion, and this is because it has been shown that simultaneous charging does not involve more than 45% of the users. Two different results that lead to a similar conclusion; the acceptable maximum share of charging EVs is approximately 30%-50% depending on the grid characteristics, and nevertheless, the real penetration level can be actually higher.
It should be noted that the study results are systemdependent, and thus, slightly different results may be obtained if considered other test feeders; nevertheless, the method is generally applicable to different distribution networks. Furthermore, although there are no written rules on the maximum loading factor for transformers, it is common practice to consider a value equal to 70%. The considerations made in this paper take the maximum load as 100%, but if the 70% rule is enforced, a lower EV penetration scenario would be problematic with the consequences on the transformer size choice [50] .
Given the fast growth of public chargers in the past few years [42] , future research should leverage the approach and data presented in this paper, including public plug-in rate. For example, the consideration of workplace chargers could affect the conclusions of this paper and further reduce the loading on the domestic distribution grids, decreasing the unbalances and congestion issues in the different scenarios and the necessity on finding ways of charging load control strategies. Furthermore, as the future work, the authors will assess how the multiple-objective use of the EVs, as gridbased services, can affect the charging patterns determined by pure driving.
